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Green Vehicle Routing Optimization Problem (GVROP) is currently a scientific research problem that takes into account the
environmental impact and resource efficiency.Therefore, the optimal allocation of resources and the carbon emission inGVROPare
becoming more and more important. In order to improve the delivery efficiency and reduce the cost of distribution requirements
through intelligent optimization method, a novel multiobjective hybrid quantum immune algorithm based on cloud model (C-
HQIA) is put forward. Simultaneously, the computational results have proved that the C-HQIA is an efficient algorithm for the
GVROP. We also found that the parameter optimization of the C-HQIA is related to the types of artificial intelligence algorithms.
Consequently, the GVROP and the C-HQIA have important theoretical and practical significance.
1. Introduction
With the increasing global average temperature and global
energy tension, climate change has become a global con-
cern. Energy saving and emission reduction have become
a common responsibility of the international community.
The main source of carbon dioxide is burning fossil fuels.
Changing the structure of energy consumption and reducing
the proportion of fossil fuels in energy consumption can
improve the efficiency of energy utilization. Green logistics
refers to the suppression of logistics in the process of logistics
which is harmful to the environment. At the same time, it
is very important to achieve the purification of the logistics
environment and to make full use of logistics resources. The
main objective is also to reduce environmental pollution and
reduce energy consumption. Consequently, green logistics is
a sustainable development of the concept of logistics.
We all knew that transportation is the main way of oil
consumption and air pollution emissions. The total energy
consumption can account for 25% to 30%. From the view
of energy consumption structure, the energy consumption is
mainly focused on fuel consumption in the transportation
field. It mainly consumes gasoline, kerosene, diesel, and
other kinds of refined oil in the fuel consumption. Fuel oil
consumption is relatively small and crude oil is the least
consumed material. With the rapid growth of traffic, the
energy consumption will continue to grow in the trans-
portation sector. Its growth rate is much higher than the
growth rate of energy consumption in the whole society. Its
energy consumption accounts for the proportion of energy
consumption in society as a whole which continues to
increase. Therefore, the green path optimization problem is
becoming more and more important.
The vehicle routing problem (VRP) is a complex and
high-level set of routing problems. One of its important
variants is the dynamic vehicle routing problem (DVRP) in
which not all customers are known in advance. The DVRP
is a dynamic optimization problem (DOP) that has become
a challenging research topic. Considering dynamic demand,
time window, and customer satisfaction, the dynamic mul-
tiobjective dynamic vehicle routing model is constructed
and the model can describe the problem of green logistics
distribution better (AbdAllah et al., 2017) [1]. We also know
that transportation is one of the most important functional
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elements in logistics. Therefore, rationalization of logistics
largely depends on rationalization of transportation, through
green transportation route optimization and guide enter-
prises to implement green supply chain management. At the
same time, this paper focuses on a core issue in energy saving
emission reduction and attempts to achieve improvement of
environmental quality.
2. Vehicle Routing Optimization
The VRP is considered to produce routes and schedules for
a fleet of delivery vehicles that minimize the fuel emissions
in a road network where speeds depend on time. In the
model, the route for each vehicle must be determined and
also the speeds of the vehicles along each path are treated
as decision variables. According to the decomposition con-
dition of vehicle departure, the transformation function of
speed travel time and speed carbon emission is given in
general. The travel time model and the carbon emission
model are constructed according to the changing attributes
of speed (Qian and Eglese, 2016) [2]. The VRP and firefly
algorithms are studied and a multiobjective mathematical
model is established to minimize the number of vehicles.
Thediscrete firefly algorithmbased on variable neighborhood
search algorithm is also proposed (Marinaki and Marinakis,
2016) [3]. The routing problem and the integrated inventory
transportation problem are studied from two aspects: model
and algorithm. Different classification methods and different
modelingmethods of vehicle routing problem are introduced
(Lefever et al., 2016) [4].
The capacitated vehicle routing problem (CVRP) has
been proved to be NP complete problem. According to the
characteristics of combinatorial optimization problems, the
discrete hybrid weed optimization algorithm is proposed
to solve the traveling salesman problem. The single point
sequential crossovermethod andmutationmethod are intro-
duced to prevent the premature convergence of the algorithm.
The computer simulation results show that the discrete hybrid
weed optimization algorithm has better performance (Zhao
et al., 2016) [5]. The general vehicle routing problem with
time windows based on the improved tabu search algorithm
is solved for the vehicle routing problem. In the improved
algorithm, the better solution is selected as the initial solution
and the dynamic tabu table is constructed to change the
size and structure of tabu table with the search process.
Simulation results show the feasibility, effectiveness, and
superiority of the proposed algorithm (Sicilia et al., 2016) [6].
The vehicle routing problem with hard time windows and
stochastic service times (VRPTW-ST) is introduced in the
form of a chance-constrained model and mainly differs from
other vehicle routing problems with stochastic service or
travel times considered by the presence of hard timewindows
(Errico et al., 2016) [7].
To measure the efficiency of the problem, an improved
particle swarm optimization (IPSO) algorithm is proposed
and it is comparedwith an original PSO algorithm in terms of
accuracy.The improved algorithm is used to solve the vehicle
routing problem with time window and weight limit which
is closer to the logistics management problem in real life
(Norouzi et al., 2015) [8]. An adaptive nonlinearly decreasing
modulation model is used to keep a well balance between
the exploration and exploitation. The proposed algorithm is
superior and confirms its potential to solve vehicle routing
problem with time windows (VRPTW) (Tan et al., 2015)
[9]. The proposed multiobjective optimization model tackles
the conflicting objectives of the emission reduction while
holding-off the economic cost uplift leading to a set of Pareto
optimal solutions. The vehicle routing problem with time
window constraints with carbon emissions is an extension
of the classical vehicle routing problem. However, the opti-
mization objectives and constraints are more complex (Jabir
et al., 2015) [10]. Time dependent vehicle routing problem
(TDVRP) is the study of vehicle routing optimization in the
road network environment with changing departure time.
Therefore, it is more difficult to solve the TDVRP with time-
varying traffic characteristics. The initial feasible solution of
ant colony algorithm is generated by the nearest neighbor
method for TDVRP based on the minimum cost. The quality
of the feasible solution is improved by local search operation
(Ding et al., 2012) [11].
Considering the uncertainty of vehicle travel time and
customer service time, an opportunity constrained program-
ming model with minimum total vehicle delivery cost is
established. Compared with the standard genetic algorithm
and particle swarm algorithm, the algorithm can effectively
avoid the algorithm falling into the local optimum (Goksal
et al., 2013) [12]. For a class of stochastic demand, vehicle
routing problems (stochastic vehicle routing problem, SVRP)
are constructed by combining the statistical knowledge. The
hybrid particle swarm optimization algorithm is proposed by
combining population search and trajectory search to reduce
the chance by introducing a guided local search (Marinakis
et al., 2013) [13]. A hybrid behavior ant colony algorithm is
used to solve themultidepot routing problem.The simulation
results show that the improved hybrid behavior ant colony
algorithm is effective (Narasimha et al., 2013) [14]. The open
vehicle routing problem is studied in which the vehicle
does not need to return to the depot after serving the
last customer point. The results show that the hybrid ant
colony optimization algorithm is an effective method for
solving the open vehicle routing problem (Marinakis and
Marinaki, 2014) [15]. It is due to the current environmental
requirements with multipopulation metaheuristics for solv-
ing vehicle routing problems (Osaba and Dı´az, 2016) [16]. It
defines a decision model using the proposed methodological
Jenks optimization approach for possible optimal locations
of various facilities which can be used by the transport
infrastructure (Fraile et al., 2016) [17].
At present, most of the researches mainly construct the
objective function model by considering all kinds of costs in
the process of vehicle delivery. In order to avoid duplication
carbon emissions costs, transportation costs, and time costs,
we should make the best balance between overall costs. The
research process and results of vehicle routing optimization
under low carbon angle are limited. Therefore, we can use
the model in the future research. The new algorithm can be
improved reasonably and different intelligent algorithms can
also be designed to solve the model in order to compare the
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convergence and effectiveness of different solutions. In the
environment of promoting low carbon logistics, optimizing
vehicle routing is an effective way to realize energy saving
and emission reduction. It is of great practical significance
to study and analyze the carbon emissions in logistics and
transportation.
3. Green Vehicle Routing Optimization Based
on Carbon Emission
Many recent green vehicle routing papers have presented
mathematical models that are designed to minimize fuel
consumption and the environmentally damaging carbon
emissions in the routing decisions related to route choice, the
load, and the speed of the vehicle. In view of the increas-
ingly severe environmental problems, carbon emissions are
calculated in the traditional route optimization of logistics
distribution. The optimization model of distribution path
considering the carbon emission and transportation costs
is formed and the mixed integer programming model is
solved by a hybrid algorithm (Turkensteen, 2015) [18]. The
vehicle routing problem with time window constraints with
carbon emissions is an extension of the classical vehicle rout-
ing problem. Considering the problem of logistics network
optimization of carbon emissions, the model of distribution
center selection and demand matching and the minimum
carbon emission cost distribution model are constructed
(Zhang et al., 2015) [19]. Multi-echelon distribution strategy
is primarily to alleviate the environmental consequence of
logistics operations. Simultaneously, carbon emission opti-
mization targets and constraints have been found to be more
complex. Finally, the important effects of carbon emissions
and time windows on vehicle routing problem are analyzed
(Li et al., 2016) [20]. With the development of economy and
the deep understanding of the relationship between people
and environment, the concept of green logistics will be more
and more popular and recognized by ordinary consumers.
This illustration points out the need to specify the carbon
emissions in the process of logistics and distribution which
mainly come from the fuel consumption of transportation
vehicles. The total carbon emission of the 𝐸 of different
fuels has the following relation. The formula of the actually
measured value 𝐸 is demonstrated as follows:
𝐸 = 𝑛∑
𝑖=1
𝐸𝑖 = 𝑛∑
𝑖=1
𝑓𝑖 ∗ 𝜉𝑖 ∗ 𝐹𝑖
𝐹𝑖 = [𝑢 ∗ (𝑤0 + 𝑤) + 𝜆 ∗ V2] ∗ 𝑑,
(1)
where 𝐸 is the total carbon emission. 𝑢 is a constant relating
to the condition of a road. 𝑤0 is the empty weight of the
transported vehicle.𝑤 is the carrying capacity of the transport
vehicle. 𝜆 is the constant associated with the vehicle type of
the vehicle. V is the speed of the vehicle. 𝑑 is the distance
traveled by the vehicle.
We also take the transportation route optimization ques-
tion as the breakthrough point and analyze the green question
of the logistics link. Consequently, we consider the problem
of vehicle routing with time windows with carbon emission
and speed optimization and we have also introduced a speed
based carbon emission algorithm. The formula for total
carbon emissions during vehicle route optimization is shown
as follows:
min 𝐹 (𝑥, V, 𝑑, 𝛼, 𝛽, 𝛾)
= 𝑚∑
𝑖=1
𝑛∑
𝑗=1
𝑝∑
𝑘=1
[𝛼(𝑑𝑖𝑗
V𝑖𝑗
+ 𝑠𝑖) + (𝛽ℎ + 𝛾) ∗ 𝐸1000 ∗ 𝑑𝑖𝑗]
∗ 𝑥𝑖𝑗𝑘
𝑛∑
𝑖=1
𝑚∑
𝑗
𝑥𝑖𝑗 = 1
𝑚∑
𝑗=1
𝑝∑
𝑘=1
𝑥𝑗𝑘 = 1
𝑛∑
𝑖=0
𝑚∑
𝑗
𝑥𝑖𝑗 = 𝑚∑
𝑗=0
𝑝∑
𝑘=1
𝑥𝑗𝑘 ≤ 𝑃
𝑛∑
𝑖=1
𝑞𝑖 ∗ ( 𝑛∑
𝑖=0
𝑥𝑖𝑗𝑘) ≤ 𝑄.
(2)
The formula minimizes the total cost for the objective func-
tion. It includes three parts: vehicle cost, fuel consumption
fee, and carbon emission cost.The total cost of the green path
optimization objective function takes into account vehicle
usage, fuel consumption, and carbon emission costs. The
traditional path optimization problems that often take the
total travel distance will also minimize the vehicle speed
on the arcs as decision variables and the path optimization
problem is the traditional rate as exogenous variables are
usually constant. Fuel consumption and carbon emissions are
closely related to speed. Taking speed as a decision variable
will improve the global optimization effect of the model and
will be more in line with the actual situation of traffic. In
the current state of strongly advocated low carbon logistics
environment, the study and analysis of carbon emissions in
logistics and transportation have a very important practical
significance. Optimization of vehicle routing is to realize the
transportation of energy saving and emission reduction is
an effective way as the basic reference model. We introduce
the calculation method of speed based on carbon emissions
and the arc velocity as decision variables. Considering vehicle
routing problem, the carbon emissions green optimization
model with time window is presented.
4. Multiobjective Hybrid Quantum
Immune Algorithm
The proposed adaptive DE operator is able to improve both
of the convergence speed and population diversity which
are validated by the experimental studies. On the basis
of immune multiobjective optimization, the distribution
estimation algorithm (EDA) is introduced to model the
evolutionary population. Based on this study, a hybrid opti-
mization algorithm for complex multiobjective optimization
problems is proposed (Lin et al., 2015) [21]. A new artificial
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immune algorithm is proposed to solve the multiobjective
optimization problem. In the multiobjective immune algo-
rithm using parallel mechanism, multiple subpopulations
are established to perform immunization, respectively. The
diversity of population can be effectively improved and the
convergence can be accelerated (Shang et al., 2016) [22]. The
new affinity allocation method effectively solves the selection
difficulty problem. The algorithm can effectively remove the
poor particles and save the better particles. Meanwhile, the
evolutionary algorithm and the new update strategy are used
to enhance the convergence speed and preserve the diversity
of the algorithm (Liang et al., 2015) [23]. The ant colony
optimization is used to solve the problem that there are
compatibility constraints of different types of goods in the
same vehicle. The efficiency of the ant colony optimization
algorithm that is a technique for optimization which imitates
the behavior of ants in search of food has been proved for
vehicle routing problem in terms of the objective function
(Sicilia et al., 2015) [24]. Because of its complexity, dynamics,
and modeling difficulties, traditional methods have been
unable to solve such optimization problems. The intelligent
algorithm based on heuristic has certain advantages in solv-
ing such problems. In solving themultiobjective optimization
problem, the artificial immune system provides newmethods
and ideas by referring to the principles and mechanisms of
information processing in biological immune system.
The immune is the extraction of biological immune sys-
tem features. A computational model is combined with engi-
neering applications which mimics the biological immune
process. The immune algorithm has good global searching
ability and memory function. The antigen corresponds to
the objective function of the optimization problem and the
antibody corresponds to the solution of the optimization
problem. The degree of approximation between the feasible
solution and the optimal solution is described by the affinity
of antigen and antibody. When the antigen is invaded, the
system automatically produces the antibodies. The system
is adaptive to the environment through the promotion and
suppression reaction between antibodies. In the early stages
of quantum immune colonial algorithm, the quantum proba-
bility distribution is relatively uniform.Moreover, the entropy
of observed variables is higher. At this point, the effect of
the current optimal individual is increased to accelerate the
evolution process. In the latter part of evolution, the modulus
of quantum probability is approaching to 0 and 1.
In order to avoid the local minimum, the variance of
random scatter of quantum population can be increased. If
we can build a new model, we should consider both fuzzi-
ness and randomness and consider the relevance between
the two practical applications. Consequently, the analysis
and expression of uncertainty must be more scientific and
comprehensive. To solve this problem, the academician Li
Deyi proposed the idea of cloud model and subordinate
language model. In the process of knowledge representation,
we find out interesting things that the cloud model has
the characteristics of uncertainty, stability, and change in
uncertainty. It embodies the basic principle of evolution of
natural species. We use normal cloud operator to complete
the transformation from concept space to numerical space to
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Figure 1: The simulation results of the cloud model operator.
realize immune operation.The simulation results of the cloud
model operator are shown in Figure 1.
When the quantum antibody and the current optimal
quantumantibody are in some specific states, the quantumbit
in the quantum antibody does not ensure that the quantum
bit of the current optimal quantum antibody is near. The
resulting new quantum antibody may be far from the current
optimal quantum antibody affecting the convergence of the
algorithm. To improve the efficiency of the algorithm, the
following quantum immune may be applied in the method.
In view of the above problems, we use the cloud model to
improve the quantum immune algorithm by the quantum
rotation gate adjustment strategy. The implementation steps
of the hybrid quantum immune algorithm are represented as
follows.
Step 1 (the initial population is generated). 𝑁 antibodies are
formed into initial groups and generate an initial quantum
antibody population using the forward cloud.
Step 2 (selection operation). Select 𝑁 antibodies with the
highest affinity from the population. The fitness of quantum
antibodies in all populations was calculated and the fitness
values of all antibodies were evaluated.
Step 3 (clonal amplification). The number of antibodies
selected was expanded and the number was increased by
cloning and amplification using a quantum rotating gate
based on intercell chaotic ergodicity. According to the eval-
uation of fitness value, the excellent antibodies will enter into
the next generation with greater probability.
Step 4 (mutation operations). Select 𝑀 antibodies with the
lowest affinity from the population and mutate with a quan-
tum revolving gate based on large interval chaotic traversal.
According to the condition, the ill-adapted population is
eliminated, and the seed antibody in the population is
selected according to the fitness.
Step 5 (substitution operations). In the selection of antibod-
ies for clonal expansion and mutation and the generation of
new antibodies, the formula to replace antibodies with the
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lowest part of their affinity is used. Consequently, the popula-
tion is qualitatively controlled according to the evolutionary
situation.
Step 6 (optimal antibody retention). If the affinity of the
best individual in the current generation group is lower than
the previous generation, the best antibody in the previous
generation will be used to replace the worst antibody of
the current generation. Simultaneously, it can focus on the
adaptive adjustment of rotation angle of quantum rotating
gate. Accordingly, the quantum gates are applied to the
probability amplitudes of all individuals in the population
and the quantum antibody population is updated.
Step 7 (returns to Step 2, that is, loop calculation). Until the
convergence condition or algebra is satisfied, the maximum
limit is reached.
The algorithm can adaptively control the range of search
space under the guidance of qualitative knowledge. The
algorithmcan avoid the local optimal solution in larger search
space. The hybrid quantum immune algorithm has higher
quality of solution. Moreover, the standard variance of the
solution is small. Therefore, it shows that the performance of
the algorithm is stable and robust.
5. Example Simulation
We use the cloud model operator instead of the rotating
gate operator in the quantum immune algorithm to achieve
the optimization function of the algorithm. Through the
control of the parameters in the cloud model, the adaptive
optimization mechanism of the algorithm is implemented.
Concurrently, it can avoid local optimization effectively and it
has a good advantage in convergence accuracy, search success
rate, and iterative number. Considering the speed dependent
time and time window constraints, the low carbon path
arrangement will increase the total length of the distribution
path. Nevertheless, it will not increase the economic burden
of transportation enterprises and can significantly reduce
the vehicle’s carbon emissions and energy consumption. The
uncertainty of customer demand time, the subjective prefer-
ence decision of route optimization, and so on will affect the
route optimization.These uncertainties also require dynamic
real-time deployment and optimization as fuel consumption
and carbon emissions are related. We interestingly discover
that it can reduce carbon emissions which may save the total
cost.Through the comparative study of various algorithm, the
simulation results are shown in Figures 2–4.
Through a large number of numerical simulations, we
discover that the hybrid multiobjective immune algorithm is
a quick, effective, and satisfactory solution. The simulation
results show that the hybrid algorithm can perform global
search effectively. At the same time, the result of multiple
experiments has testified and reduced the carbon emissions
and the total cost by using the optimized speed path arrange-
ment more than the fixed speed path arrangement.
There is a substitution relationship between carbon emis-
sion and route optimization time. There is a lot of carbon
emission improvement space in the traditional vehicle rout-
ing. The experimental results of vehicle energy optimization
and carbon emissions and speed are shown in Table 1 (vehicle
cost (VC), fuel consumption (FC), emission carbon (EC), and
total cost (TC)).
Through series of experiments, we consider that the
current carbon trading market has a lower carbon price and
the charging of carbon emissions will not significantly affect
the enterprise’s logistics and transportation arrangements
and also cannot achieve the goal of effectively reducing
carbon emissions. At last, we proved that the reducing carbon
emissions will lead to an increase in route optimization time.
The path planning strategy based on speed optimization can
reduce the total cost and carbon emission more effectively
than the fixed speed routing decision. The simulation results
of themodel with fixed speed and optimized speed are shown
in Table 2.
By comparing the experimental and the simulation
results, we found that the optimal speed can not only
significantly reduce the total cost and travel time, but also
can effectively reduce carbon while the speed is set to the
total cost of the arc hour. Furthermore, it is showed that
the path planning strategy based on speed optimization can
reduce the total cost and carbon emissions more effectively
than the fixed speed routing decision. The above data fully
illustrate that when considering the shortest path, we should
make full use of vehicles with larger carrying capacity for
transportation. However, if the energy consumption problem
is considered, the above analysis can show that the maximum
energy consumption due to unit distance is too large and
the shortest transportation path does not correspond to the
minimum energy consumption. Therefore, considering time
consuming, it should be integrated optimization.
The carbon emission intensity, energy efficiency, and
energy structure of vehicle transportation are the forces to
curb carbon emissions. The scale of production and the
structure of production are the factors that stimulate carbon
emissions. As the inhibition is limited, the gap between
the contribution rate and the contribution rate is greater
and the carbon emissions from vehicle transportation are
increasing. The main reasons for the high carbon emissions
are the expansion of the scale of transportation and the
imbalance of production structure. The energy structure
based on petroleum fossil energy is the root cause of high
carbon emissions. In addition, energy efficiency of vehicle
transportation is low which inhibits the carbon emission
reduction rate. We must take full account of the energy
consumption rate of various vehicles and fixed costs and
other factors. The energy consumption of transport vehicles
in the process and carbon emission factors were analyzed
by LMDI method considering the energy emission intensity,
energy structure, and energy intensity. The following exper-
imental results of C-HQIA and the specifics are shown in
Figures 5–7.
The experimental results show that the optimal arrange-
ment of path velocity is more than the fixed speed. It can
more effectively reduce the existing arrangements to replace
the relationship between the total costs and carbon emissions
of carbon emissions in the vehicle routing and travel time.We
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City/depots locations Distance matrix
Total distance = 13.2894
0 500 1000
0
10
20
30
Best solution history
0 5 10
0
5
10
10 20 30 40
10
20
30
40
0 5 10
0
5
10
Figure 3: The simulation results of QIA.
find that reducing carbon emissions can lead to an increase
in travel time. There is great carbon emission improvement
space in traditional logistics transportation. As the carbon
emissions of trucks are directly related to fuel consumption,
reducing carbon emissions is conducive to saving the total
transportation costs. Simultaneously, we discover that green
path optimization is achieved mainly through the following
three aspects. To begin with, we must make transportation
scheduling optimization through optimization of line design
and reasonable arrangements. Furthermore, it is to use mul-
timodal transport to increase unit volume and improve the
efficiency of green path optimization. Finally, it is reducing
the total amount of carbon emissions to improve the green
path optimization operation.
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Figure 4: The simulation results of C-HQIA.
Table 1: The experimental results of vehicle energy optimization.
V TT TC CO2 VC/TC FC/TC EC/TC S
RC201 79 49.52 8099.20 1325.53 51.43% 45.98% 0.87% 101
RC202 79 47.65 7240.45 1170.48 60.12% 46.33% 0.87% 104
RC101 75 57.05 7991.59 1112.04 56.48% 37.01% 0.71% 159
RC104 75 48.29 7025.05 1073.58 53.31% 40.82% 0.78% 188
R201 75 47.70 7032.03 998.18 57.79% 39.97% 0.75% 73
R202 79 46.25 6979.46 999.54 58.20% 40.56% 0.74% 89
R301 69 55.38 7902.15 999.83 62.54% 34.90% 0.73% 179
R301 76 46.02 6688.09 952.08 57.28% 40.03% 0.75% 201
C201 69 165.71 16680.10 653.02 87.76% 10.18% 0.20% 139
C202 83 163.05 16562.18 639.02 87.02% 10.33% 0.20% 127
C301 73 165.51 15730.21 472.21 90.29% 8.07% 0.17% 199
C302 72 160.78 15752.13 471.04 90.79% 8.03% 0.15% 197
Ave. 75 87.74 10306.87 905.55 67.75% 30.18% 0.58% 146.33
6. Conclusion
Logistics is not only a major source of energy consumption,
but also an important source of CO2 emissions. On the
basis of analyzing the characteristics of vehicle routing
problem with fuel consumption and CO2 emission factors,
the corresponding optimizationmodel is constructed and the
algorithm based on hybrid quantum immune is proposed.
According to the model and algorithm of numerical simu-
lation, the experimental study shows that the shortest path
route is not necessarily the minimum energy consumption
path compared with traditional vehicle route. The shorter
the path based on the vehicle routing CO2 emission and the
total mileage, the lower the overall cost. The hybrid quantum
immune algorithm is an effective solution algorithm to solve
the vehicle routing problem with green. Hence, it can be
characterized by its function of effectively processing the
GVROP.
Considering the external cost of CO2 emissions during
vehicle operation, the optimal vehicle path is inconsistent
with the traditional vehicle path based on the shortest dis-
tance or time through a large number of experiments. In the
vehicle routing results based on CO2 emissions, the optimal
path is closely related to vehicle attributes, vehicle speed, and
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Table 2: The simulation results of the fixed speed and optimized speed.
TT0 TC0 CO2 ∑TT ∑TC ∑CO2 ΔTC Δ𝐸
RC201 49.03 8097.23 1314.42 49.25 8080.02 1359.51 4.89% 2.33%
RC202 44.67 7258.80 1152.21 44.33 7245.81 1145.62 7.56% 1.78%
RC101 55.01 7999.08 1023.96 55.13 7989.93 1100.01 8.36% 2.26%
RC104 45.20 6998.02 1056.46 45.20 6995.86 1032.23 5.33% 14.34%
R201 47.05 7038.20 975.50 47.72 7033.24 979.21 5.75% 2.54%
R202 46.21 6903.42 990.54 46.35 6885.42 946.88 5.36% 3.37%
R301 57.20 7898.96 984.16 54.20 7895.81 984.27 5.24% 2.21%
R301 44.02 6656.12 938.01 41.07 6644.12 932.12 4.39% 4.34%
C201 165.40 16632.18 635.20 159.22 16575.21 630.89 2.34% 2.03%
C202 163.59 16810.10 618.21 160.29 16467.23 614.32 2.11% 2.07%
C301 156.01 15752.33 456.03 154.34 15691.42 442.89 2.09% 2.08%
C302 160.02 15702.34 458.23 157.28 15689.55 454.56 2.07% 2.03%
Ave. 86.12 10312.23 883.58 84.53 10266.13 885.21 4.62% 3.45%
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Figure 5: The simulation results considering the speed and energy.
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Figure 6: The simulation results considering the speed change.
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Figure 7: The simulation results considering the energy structure.
loading capacity. When the shortest path is considered, the
vehicles with larger load capacity should be utilized as much
as possible. As long as the fuel consumption is considered, the
fuel consumption and the carbon emission cost are increased
due to the excessive fuel consumption of the vehicle. As a
result, distribution costs are lower with less loaded vehicles.
Besides, vehicle CO2 emissions problems based on time-
varying speed should also be considered to obtain the optimal
time and optimal vehicle path. We also put forward that
energy efficiency should be improved through the promotion
of energy saving technology research. The negative effects
of technological progress on China’s carbon emissions are
very significant. Improving energy efficiency has become an
important means to promote energy conservation and emis-
sion reduction in China. Therefore, China should increase
investment in advanced energy saving technologies while
strengthening technical trade with developed countries.
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